Predicting human mobility patterns has many practical applications in urban planning, traffic engineering, infectious disease epidemiology, emergency management and location-based services. Developing a universal model capable of accurately predicting the mobility fluxes between locations is a fundamental and challenging problem in regional economics and transportation science. Here, we propose a new parameter-free model as an alternative in human mobility prediction. The basic assumption of the model is that an individual will select destination locations that present higher opportunity benefits than the location opportunities of the origin and the intervening opportunities between the origin and destination. We use real mobility data collected from a number of cities and countries to demonstrate the predictive ability of this simple model. The results show that the new model offers universal predictions of intracity and intercity mobility patterns that are consistent with real observations, thus suggesting that the proposed model better captures the mechanism underlying human mobility than previous models.
I. INTRODUCTION
Predicting the mobility of people, goods and information between locations is a long-term important research topic in many fields such as transportation science, economic geography, and regional economics. For more than 100 years, researchers have proposed a variety of models for predicting mobility between locations [1] [2] [3] [4] , and these models are called spatial interaction models in economic geography [5] and trip distribution models in transportation science [6] . The most widely used model is the gravity model [7] because a mobility pattern similar to Newton's law of universal gravitation is observed in many fields, such as human travel [3, [8] [9] [10] , migration [11] , goods transportation [12] , international trade [13] , mobile communications [14] , and even scientific collaborations [15] . In this shared pattern, the mobility (or interaction) between two locations is proportional to the location masses (e.g., populations) and decays with their distance. Despite the gravity model is widely used, it relies on at least one adjustable parameter that needs to be estimated using available mobility data [6] ; moreover, the parameters of the gravity model vary from region to region [16] . Developing a universal model that can accurately predict the mobility between locations without relying on an adjustable parameter is a challenging problem.
The radiation model [17] was the first-developed parameter-free mobility model, and its basic assumption is that when an individual seeks job offers from all locations, he/she will select a location that is closest to his/her home location and has higher benefits than * yanxy@bjtu.edu.cn his/her home location. The radiation model does not consider the distance as a variable and does not have any adjustable parameters. Once the spatial distribution of the population is input, the model can precisely predict the commute between locations. Another typical parameter-free mobility model is the populationweighted opportunities (PWO) model [18] , and its basic assumption is that the chance of a destination being chosen by an individual is proportional to the number of opportunities at the destination, and inversely proportional to the total population at the locations whose distances to the destination are shorter than or equal to the distance from the individual's origin to the destination. The PWO model can not only accurately predict intracity trips [18] , but can also predict intercity travel on diverse spatial scales [19] . Overall, the parameter-free mobility model has become an important class of spatial interaction models [20] .
In this paper, we propose a new parameter-free model as an alternative in human mobility prediction. In this model, the chance of a destination being chosen by an individual is proportional to the probability that the destination has higher benefits than locations whose distances from the individual's origin are shorter than or equal to the distance from the origin to the destination. The destination selection rule of this model is very similar to the rule of the PWO model [18] , although the new model is derived from an underlying set of first principles. Although the proposed model is inspired by the model of deliberate social ties (DST) [21] , our model is more suitable for practical mobility predictions, and has very broad application prospects.
II. MODEL
We use the derivation of the radiation model [17] as a starting point to lead our new model. In the radiation model, when an individual seeks job offers from all locations, he/she first evaluates the benefits z of the employment opportunities offered by the locations. Here the number of employment opportunities in each location is proportional to the location's population, and the benefits of the opportunities are randomly chosen from a distribution p(z). Then the individual will select a location that is closest to his/her home location (origin) and has a maximum opportunity benefit that is higher than the best offer available in his/her origin.
According to the above process, for an individual at location i, the probability that location j is closest to i and has a maximum opportunity benefit that is higher than that of i is
where m i is the number of opportunities at location i, m j is the number of opportunities at location j, s ij is the sum of the number of opportunities at all locations whose distances from i are shorter than the distance from i to j (named intervening opportunities [2] , see Fig. 1 (ab)), Pr mi (z) is the probability that the maximum benefit obtained after m i samplings is exactly z, Pr sij (< z) is the probability that the maximum benefit obtained after s ij samplings is less than z, and Pr mj (> z) is the probability that the maximum benefit obtained after m j samplings is greater than z.
Since Pr x (< z) = p(< z) x , we can obtain
Eq. (1) can be written as
which is the probability that the individual at location i selects location j as the destination. Since the number of opportunities in a location is assumed to be proportional to the population of the location, the variables m i , m j and s ij in Eq. (3) can directly represent the populations of their corresponding locations.
The basic assumption of the radiation model is that the destination selected by the individual is the closest location whose opportunity benefits are higher than the opportunity benefits of the origin. In practice, however, the individual chooses the closest location as well as other locations with higher opportunity benefits than the origin. Fig. 1(c) shows an example. In the radiation model, the individual at location i only chooses location c as the destination, although in practice, location j may be selected by the individual with a higher probability. Therefore, in the new model, we assume that for the individual at location i, all locations whose maximum opportunity benefits z are higher than the opportunity benefits of i and the benefits of the intervening opportunities s ij can be selected as a destination. If the opportunity benefits of the locations are random variables with a distribution p(z), the probability that the maximum opportunity benefit of location j will be higher than the benefits of the opportunities m i and s ij is
where S ij is the sum of the intervening opportunities and the opportunities in location i and j such that S ij = m i + s ij + m j (see Fig. 1(b) ) and the other variables have the same meanings as in Eq. (1). Then, the probability that the individual at location i chooses location j as the destination is
which is very similar to the destination selection probability P ij ∝ m j /S ji in the PWO model [18, 19] . However, the PWO model directly establishes its destination selection rule, whereas our new model is derived from an underlying set of initial principles, i.e., the destination selected by an individual will be a location whose maximum opportunity benefits are not only higher than the opportunity benefits of his/her origin but also higher than the benefits of the intervening opportunities. If we set a separate location for each individual (i.e., there is only one individual in a location), Eq. (5) can be rewritten as P ij ∝ 1/(s ij + 2), which is the same as the DST model without the traveling-time constraint [21] . The DST model focuses on the social ties between individuals. If the attribute value of individual j is higher than the attribute values of individual i and the intervening opportunities s ij , then a directed social tie from i to j will be built with the probability 1/(s ij + 2). However, the DST model needs spatial coordinates for each 
individual, which are difficult to obtain in practice. In actual spatial interaction or trip distribution prediction work, researchers pay more attention to the mobility between zones (that are abstracted into locations with fixed coordinates), such as traffic analysis zones (TAZs) [6] in urban transportation planning or cities in intercity interactions. Since data such as the populations of TAZs or cities are readily available, the zone-based mobility model is more practical.
III. RESULTS
We use the intracity trip and intercity travel datasets recording the trips between different TAZs or cities to test the predictive ability of the new parameter-free (NPF) model. This test work is equivalent to the trip distribution prediction, which is the second step of the four-step travel demand modeling process [6] . For the NPF model, the trip distribution prediction formula is
where T ij is the total number of trips from origin i to destination j, and O i is the total number of trips departed from i. The number of opportunities m j of location j can be replaced by the total number of trips to destination j. We employ four intracity trip datasets to validate the model's predictions. The datasets include taxi passenger GPS tracker data for Shenzhen [18] , the check-in records of the website Foursquare [22] for users in New York, and the check-in records of the website Gowalla [23] for users in London and Berlin. Each dataset contains temporalspatial information about individual movements among various locations.
We first investigate the trip distance distribution P (d), which is a representative feature to capture human mobility behaviors [24] [25] [26] . As shown in Fig. 2 (a-d) , the distributions of trip distances predicted by the NPF model are consistent with the real distributions. We next explore the distribution of the number of trips between two locations. As shown in Fig. 2 (e-h) , the predicted distributions P (T ) are consistent with the statistical results from the empirical data. A more detailed measure of a model's ability to predict mobility patterns can be implemented in terms of the trip fluxes between all pairs of locations produced by the NPF model compared with those of real observations. As shown in Fig. 2 (i-l) , the model's predicted and the real trip fluxes are nearly statistically indistinguishable. Overall, the NPF model is universally applicable to intracity trip prediction.
We further use four intercity travel datasets to test the predictive ability of the NPF model. The datasets include the check-in records of the website Sina Weibo [19] for users in mainland China, the check-in records of the website Foursquare [27] for users in the continental United States, the communication records of mobile phone users in Cote d'Ivoire [28] , and the check-in records of the website Gowalla [23] for users in Belgium. Fig. 3 shows that the NPF model can also produce very good prediction results for intercity travel patterns.
We use the Sørensen similarity index (SSI) [29] to compare the predictive accuracy of the mobility fluxes of the NPF model with typical parameter-free mobility models, including the radiation model and PWO model. The SSI is a statistic tool for identifying the similarity between two samples. Here, we use a modified version [30] of the index to measure whether real fluxes are correctly reproduced (on average) by the model, and it is defined as
where T ′ ij is the number of trips from location i to j predicted by the model and T ij is the observed number The comparison results are shown in Fig. 4 . For all studied cases, the overall prediction accuracy of the NPF model is remarkably higher than that of the radiation model and close to that of the PWO model. For the intracity trip distribution cases, the NPF model is even more accurate than the PWO model.
We further compare the predictive accuracy of the NPF model with the classic origin-constrained gravity model [6] , i.e.,
where d ij is the distance between locations i and j, and β is a parameter. Fig. 4 shows that the prediction accuracy of the NPF model is very close to that of the gravity model and even higher than that of the gravity model in certain cases. Moreover, the gravity model has to estimate the model's parameters using real data before making a prediction, whereas the NPF model does not require estimated parameters and can predict the trip distributions with very high accuracy, which suggests that the NPF model is more universal than the gravity model. 
IV. CONCLUSIONS
We developed a NPF model as an alternative to parameter-free mobility models for the prediction of intracity and intercity mobility patterns. The basic rule of this model is that the probability that a destination will be selected by an individual is proportional to the number of location opportunities at the destination and inversely proportional to the total number of the intervening opportunities and the location opportunities at the origin and destination. The mobility patterns resulting from this simple model are consistent with real data with respect to the trip distance distribution, the trip flux distribution and the average fluxes between all pairs of locations. Furthermore, the trip distribution prediction accuracy of the NPF model is higher than that of the radiation model, similar to that of the PWO model, and closely consistent to that of the gravity model with estimated parameters, thus suggesting that our new model better captures the underlying mechanism that drives human mobility.
The main drawback of the proposed NPF model is that it uses geographic distance as the criterion to rank the locations. The geographic distance in heterogeneous environments does not usually correspond to the actual length of travel [31] . In practice, travelers use travel costs as a primary factor to evaluate which locations are more accessible. Therefore, the extended NPF model should rank the locations according to the travel costs on the network when detailed transportation network data are available. We believe that such changes will definitely increase the accuracy of the NPF model predictions.
Human mobility behavior is strongly correlated with social interactions [23, 32] . The NPF model can not only predict human mobility patterns, but can also evaluate the social tie connectivity [21] of cities and countries. Since social tie density is a function of population density [33] , the NPF model can measure the overall social tie connectivity and local connectivity of each location using population distribution data. Moreover, the NPF model can be used to quantify and assess the impacts of demographic changes, transportation networks and other infrastructure developments. Thus, it has broad application prospects in urban planning, transportation management, infrastructure assessment, etc.
